Abstract: This paper reports the application of the extended Kalman filtering (EKF) technology to the design of a nonlinear observer used to predict the state of an experimental biochemical reactor. The plant is composed by a control unit and a 2.5 liter glass bioreactor where the β-galactosidase enzyme is produced from whey cheese and Kluyveromyces marxianus yeast. In order to implement the EKF, an accurate mathematical model, previously developed by the authors, was considered. The implemented continuous-discrete version of EKF is used to infer the lactose concentration from the measured values of the dissolved oxygen concentration in the medium. The results show that the nonlinear observer works well, being suitable to correct the nonreliable laboratory analysis data as well as to implement advanced control techniques.
INTRODUCTION
Applications of biochemical processes are continuously increasing in importance for process engineering. One of the main drawbacks of working with biochemical processes is the difficulty to have reliable and efficient measures of the main biological variables, such as the concentrations of substrate, products and microorganisms.
Due to the economic interest in operating stirred tank reactors in semi-batch regime, the availability of online measures for the substrate concentration is very important. Usually, the substrate source for bioreactor is some kind of sugar. The classical methods used to determinate the amount of sugar as spectrophotometry, polarimetry, infrared spectroscopy and chromatography are tedious and time-consuming. To avoid these disadvantages the development of enzymatic lactose biosensors and software sensors based in mathematical models are two interesting possibilities. This work is focused on the second possibility.
The virtual sensor considered here is the extended Kalman filter (EKF). This choice was made because it seems to be the only broadly accepted observer technique in industry. The developed EKF is used to the on-line estimation of lactose in a bioreactor used to produce β-galactosidase (the lactase enzyme) from Kluyveromyces marxianus yeast using cheese whey as substrate (the source of lactose). The experimental system is composed by a bioreactor coupled with a control unit. To implement the virtual sensor, this apparatus was connected to a remote computer responsible for the data acquisition, monitoring, and data processing. The investigations and the final implementation were carried out using plant data and the Matlab/Simulink environment. In addition to its great economic interest, the experimental system described above was also chosen because it has an detailed phenomenological model, developed previously by the authors (Longhi, et al., 2001) , which makes it suitable for the proposed application.
PROCESS MODELING
The experimental system considered in this work is composed by a 2.5 liters glass bioreactor coupled with a control unit and assembled at the Institute of Food Science and Technology (ICTA) of Federal University of Rio Grande do Sul (UFRGS). The photography of the apparatus is shown in figure 1. Its mathematical model is composed by 5 ordinary differential equations and 7 algebraic equations for each operating temperature. The model formulae are shown in the equation set (1) to (12). More details about the modeling hypothesis and the parameter's values can be found in (Longhi, et al., 2001) .
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where X is the concentration of living cells [g dm -3 ], S is the concentration of substrate (lactose) [g dm -3 ], C L is the concentration of dissolved oxygen in the liquid phase [g dm -3 ], C G is the concentration of oxygen in the gas phase [g dm -3 ], C Le is the liquidphase oxygen concentration in equilibrium with the gas phase [g dm -3 ], C m is the saturating concentration of oxygen in the liquid phase [g dm -3 ], Et is the concentration of ethanol [g dm -3 ], E is the enzymatic activity [U ONPG dm [adimensional] are the stoichiometric coefficients of the main metabolic routes and k i (for i = 1 to 6) are the kinetic parameters. 
EXTENDED KALMAN FILTER
In this work, the continuous-discrete version of the extended Kalman filter was considered. Consider the continuous time nonlinear system of equation 13.
where x is the state vector, y the output vector, v a vector of supposedly white, unbiased state noises and w a vector of white, unbiased measurement noises.
A general formula for nonlinear state observers is given by equation 14 (Bastin and Dochain, 1990) :
where x denotes the on-line estimate of x, y meas is the measured value of y, and ) x ( K is the gain matrix depending on x .
The observer equation can be interpreted as a copy of the model of equation 13 with an additional driving term (correction) proportional to the observation error of the measured variables. This additional term disappears in the case of a perfect estimation. From this point of view, the state observer design problem reduces to the choice of the gain matrix. The different methods used to calculate this matrix define the specific class of observer.
In this work, due to its good acceptance in industry, the extended Kalman filter was chosen as the methodology used to design the gain matrix. The main drawback for using the EKF technology is that its resulting estimates are strongly dependent on the model quality (Bogaerts, 1999) . However, as an accurate mathematical model of the process is available, the use of the EKF is possible in the present work. The remaining parts of this section address the design and the implementation of the EKF to the bioreactor described in the previous section.
Design of the extended Kalman filter.
Consider the linear stochastic process in continuous time of equation (15).
The equations of the continuous-time Kalman filter, also known as Kalman-Bucy filter (Grewal and Andrews, 1993) , are shown in the equation set (16).
where P(t) is the state covariance matrix, and Q and R are the covariance matrix of u(t) and w(t), respectively.
There are two main differences between the extended continuous-discrete Kalman filter and the KalmanBucy filter. The first, which justifies the label "continuous-discrete", is that the correction is made only at discrete times. This is due to the fact that the measures are only available at discrete samples of time. Then, the whole filter can be divided in two steps: prediction (or propagation) and correction (or updating). The second difference, which is related to the "extended" terminology, is the replacement of the system matrices A and H by the jacobian of the functions f(x) and g(x) at the predicted state. Now, the equation of the extended continuous-discrete Kalman filter can be written as the equation set (17) and (18): 
So, since the observability condition for the system (13) linearized around the predicted trajectory is satisfied, this EKF version can be successfully implemented.
One of the main difficulties involved in any EKF implementation is the design of the covariance matrices Q and R. In theory, these two matrices should be known a priori but, in practice, it is impossible to calculate their values. Then, it is usual to face these matrices as the tuning parameters of the EKF. In the present work, the choices of these unknown parameters were based on preliminary simulation studies with different data sets. The aim of this design was to find a reasonable weight between the confidence on the experimental data and the model used to the state's prediction.
Implementation of the extended Kalman filter
In this work, the objective is to obtain fast and reliable measures of the substrate concentration (lactose, the variable S in equation (2)) using the dissolved oxygen concentration measurements and the mathematical model described in section 2. The justification for choosing the lactose concentration as the estimated variable is because it is a fundamental one for the future implementation of optimal semibatch control strategies. In fact, even in the laboratory analysis, this variable present very large error when compared with the reality. The reason why the lactose measure is estimated using only the dissolved oxygen concentration is due to the fact that this is the only available measure of the experimental system that can be used for this aim.
If the time varying variables of equations (1) to (5) are renamed as the states 1 to 5, respectively, the equation for y(x(t)) has the form: y(x) = C x(t) + w(t), where C is the matrix [0 0 0 1 0].
EXPERIMENTAL RESULTS
This section presents the results obtained during the implementation of the EKF, described in section 3, to the bioreactor experimental data. In figure 2 it is shown the comparison between these experimental data, obtained from a posteriori laboratory data analysis, and the prediction from the implemented EKF, for a batch fermentation carried out at the temperature of 30 o C. The EKF parameters were tuned according to the equations (19) and (20). It is important to say that there is no great confidence in the experimental data reported in figure 2. They strongly depend on the analysis method used, and for the "total-sugar method" utilized in this work there is a great margin of error in the measures. The closeness between the EKF prediction and the experimental data shows that this kind of observer can be very useful to correct the laboratory data analysis.
CONCLUSIONS
In this work, an experimental application of the EKF technology was presented. Despite the good results shown in this work, it is still necessary to spend some time to develop some rules to tune the parameters Q and R. In the true, this tuning has been pointed in the open literature as one of the main drawbacks to implement this filter to experimental systems. Another important question aiming practical applications is the quantification of how much it is necessary to invest in the model development to use successfully the extended Kalman filter technology in bioprocesses. Despite these drawbacks, the extended continuous-discrete Kalman filter has shown to be a very useful tool to monitor the process variables, correct the laboratory data, and implement advanced control technologies.
